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Introduction
Nowadays, the evolution toward a full digital simulation of the entire product lifecycle comes with an increase in the amount of digital data thus manipulated. Within such a developmental framework, geometric representations play a key role since they are the privileged intermediate representations shared by most of the actors. Hence, large databases of CAD models are becoming available, thus inaugurating new challenges for their management. This includes the indexing and sorting of those elements so that to retrieve them efficiently at a later time. For example, the complete digital mock-up of a submarine is made up by more than one million of parts representing several terabytes of data.
Unfortunately, neither the actual Product Data Management (PDM) nor Product Lifecycle Management (PLM) systems are good at indexing and sorting CAD models according to their content, i.e. according to the shape and potentially associated semantics in a given context. This is why only some low-level queries can be performed on such databases, and this strongly limits the possibilities to re-use models from past studies. For this reason, there is an increasing need to classify and retrieve parts using parameters which directly exploit shape characteristics (Paquet et al., 2000) . Even the shape might be misleading or not enough to discover the desired models. Depending on the purposes, engineers might be interested in parts, which can be very different in their overall shape, but which are similar according to some characteristics or behaviors. It is thus necessary to provide tools enabling context-based shape classification and retrieval. Such a classification can then provide a good means for the re-use of past experiences and knowledge related to specific products or steps of the design process. In this paper, we address the way CAD models can be classified according to the meshing issue.
The product behavior analysis is carried out following three main steps: CAD model definition, CAD model meshing and Finite Elements (FE) simulation. During the two first steps, several adaptations can be manually or semi-automatically handled but they will result in time-consuming modifications: • The CAD model adaptation step aims at preparing the geometric model for meshing and simulation while performing dedicated geometric transformations. For example, the defeaturing of a CAD model can significantly reduce the meshing and computation times by removing unimportant features (e.g. fillets, holes) which do not significantly affect the simulation results.
• The mesh adaptation step aims at improving the quality of the produced mesh while repairing elements which were badly meshed using operations such as removal, swap, split and so on. The quality of the mesh may also be improved while refining the mesh, i.e. while increasing the number of elements locally.
Both steps require great skills and a deep knowledge in the analysis of where and how the adaptations have to take place. Moreover, they are often performed in loop for several times thus slowing down the preparation process of the simulation model even more.
Having tools to classify parts according to the type of required adaptations could help the engineers to prepare the simulation model better and faster while anticipating the CAD model and mesh adaptation steps. As a matter of fact, having tools to distinguish parts that have to be manually adapted and/or repaired from those that can be automatically meshed would speed up the simulation model preparation steps. Here, the proposed classification method distinguishes three classes: thin parts, parts with thin features, and other parts which do not belong to the first two classes. The use of the thickness of the parts as the main classification criterion is a mean to anticipate the problems occurring when generating tetrahedral meshes from CAD models with different thicknesses and particularly when a thin feature is linked to a larger volume. As a matter of fact, such configurations may generate a bad quality meshing which is often responsible for inaccuracies during the simulation. This issue is illustrated on Figure 1 where the tetrahedral meshes of two slightly different configurations of a rocker arm are compared to the aspect ratio of the generated elements (Bern and Plassman, 2000) . It is admitted that an element with an aspect ratio smaller than 0.5 can be considered as a "bad" element with respect to the accuracy of the final simulation results. The two versions of the rocker arm have been meshed with the same parameters, i.e. same element target size and same chord length error. It is clear that, with about, respectively, 30 and 8 percent of the elements having an aspect ratio smaller than 0.5, the thinnest rocker arm generates skinnier elements (Figure 1 (a 1 )-(c 1 )) than the thickest one ( Figure 1 (a 2 ) to (c 2 )). Since this process is not fully automated, engineers still have to manually adjust many control parameters. For instance, to improve the quality of the elements resulting from the meshing of the thin rocker arm, they may have to adjust the target size and chord length error initially suggested by the software without considering thin features. Mesh refinements can also be foreseen to adapt the size of the elements to the local configurations. Figure 1 . Analysis of the aspect ratios (c 1 , c 2 ) of two FE tetrahedral meshes (b 1 , b 2 ) generated from so-called thin and normal CAD models (a 1 , a 2 ) using the same chord length error and target size Thus, having tools to classify CAD models according to the type of adaptation and meshing issues could help engineers in better anticipating and preparing the forthcoming treatments. In this paper, we do not address the way in which CAD models can be prepared or the way meshes can be repaired and optimized. Again, the objective is to classify CAD models according to the difficulties the engineers may encounter when meshing them. The classification is built on top of a thickness criterion which distinguishes thin parts, parts with thin features and other parts not belonging to the first two first classes. In this way, designers will spend more time to treat critical models on which thin configurations have been highlighted. Moreover, by using this approach, they may also look for already applied solutions by retrieving parts belonging to the same class. Furthermore, it is important to say that, even if they may also be used to anticipate and prepare the adaptation steps, the FE semantics (e.g. boundary conditions, material behavior laws) associated to the geometric models have not yet been used to classify the objects. The proposed shape-oriented classification is based on criteria built on top of shape descriptors. Such perspectives are discussed in the conclusions.
In this paper, we extend the approach first presented in Pernot et al. (2012) to better take into account the resulting aspect ratios in the identification of the thresholds that drive the classification criteria. The paper is organized as follows. Section 2 introduces the proposed classification approach as well as the state-or-the-art of the existing methods. The considered object classes are presented in Section 3 and the shape descriptors used to characterize those objects are shown in Section 4. The way those shape descriptors are combined to define higher-level object categories is developed in Section 5. Lastly, Section 6 presents the achievements and results we obtain using our prototype software.
Related works
In recent times, 3D shape retrieval and clustering have gained big attention due to the fact that large databases of 3D data are becoming available in various fields. Various shape matching methods exist (Tangelder and Veltkamp, 2008; Cardone et al., 2003; Iyer et al., 2005; Li et al., 2010; Brière-Côté et al., 2012; Demirci et al., 2008; Zhu et al., 2012; Ohbuchi et al., 2005) and can be classified in three main categories: feature-based methods, graph-based methods and geometry-based methods ( Figure 2 ). These methods have been implemented and tested and the results are more or less efficient but only when trying to retrieve a shape which is similar to the one of the query from the point of view of form and structure. Even if the problem of shape similarity analysis has been already faced in the CAD/PLM field to solve different problems, the efficient information retrieval is still considered a big challenge in most of the manufacturing companies. In Brière-Côté et al. (2012) , a survey on the application usage of CAD model comparison is presented and put in correspondence with the solution approaches adopted, namely shape retrieval, similarity assessment and difference identification. Shape similarity and retrieval in CAD/PLM are exploited to reuse product information, in CAD models' management to avoid part duplication, to verify data translation, to manage changes and for product rationalization and standardization. In the first case, the idea is to improve the design process by reusing either the existing parts in a new design with few possible changes or the related associated knowledge and processes (Bai et al., 2010; Bespalov et al., 2005; Chu and Hsu, 2006; Cuillière et al., 2011; Hong et al., 2006; Li et al., 2010; Msaaf et al., 2007; Li et al., 2011; Paquet et al., 2000) . To this aim, clustering objects according to specific criteria can allow designers to easily brows repositories and locate similar designs. In this way, designers can take advantage of previous experiences, thus histories of problems encountered in designing and manufacturing of a given group of parts or products can be analyzed for effective decision making and improving new product development ( Jayanti et al., 2009) . Group technology represents a well-known and successfully applied application-oriented clustering method based on design and manufacturing attributes.
The work presented here deals with the problem of clustering 3D CAD models according to categories presenting common characteristics from the FE mesh generation point of view. If compared to most of the clustering methods ( Jayanti et al., 2009) , such a characterization cannot be derived from the similarity of object structure and form. In our approach, two steps can be distinguished. The first step consists in extracting shape distribution characteristics from a set of vertices obtained by discretizing the surfaces of the B-Rep CAD model to be categorized. The second analyses the descriptor values to determine the appropriate category for the considered object.
Our approach can be seen as belonging to the global feature distribution methods ( Figure 2 ). In the context of 3D shape matching, features have a different nature than in classical mechanical engineering (Shah and Mäntylä, 1995) , where features correspond to characteristic shape elements which are possibly adopted for part modeling and associated to some specific meaning (e.g. function, machining operation, assembly operation). For matching, they correspond to geometric and topological properties of 3D shapes whose measuring and comparison allow discriminating objects (Tangelder and Veltkamp, 2008) .
Global features characterize the global shape of a 3D model. Examples of these features are the statistical moments of the boundary or the volume of the model, volume-to-surface ratio, or the Fourier transform of the volume or the boundary of the shape. Among the various methods exploiting global features, the one proposed by Corney et al. (2002) introduces indices similar to some of those adopted in our work. It uses bounding box-based indices, such as the ratio of the object surface area and the surface area of its convex hull, the percentage of the convex hull volume not occupied by the object and the ratio of the cubed surface area of the hull and the squared volume of the convex hull. To ease the computation, in our work we mainly exploit the oriented bounding box (OBB) as reference instead of the convex hull. The OBB (in opposition to axis-aligned minimum bounding box) is a descriptor introduced by Chang et al. (2011) . who have also developed methods for its computation. Among them we decided to use the principal components analysis (PCA) because of its easier implementation and its good results for the considered parts. PCA is normally used in all the approaches that require a normalization and alignment between components for their comparison. We do not need the model alignment for our purposes: our aim is not object matching but the classification of objects ( possibly with widely varying overall shapes) in groups sharing similar problems with respect to meshing point of view. Therefore, we use the PCA to compute an intrinsic coordinate system for the object.
The global feature distribution method consists in comparing the distribution of global features instead of the global features directly. Among the existing methods, the one proposed by Osada et al. (2002) introduces the so-called "D2 Shape Distribution" to represent, in a normalized histogram, the probability of occurrence of Euclidean distances between pairs of randomly chosen points on the skin of the object. The application of shape distributions in the CAD context has been investigated by Cheng et al. (2011) and by Ip et al. (2002) . Ip et al. refined Osada's D2 shape distribution function by classifying two random points distances according to whether the joining line segment connecting the points lies both inside and outside the model. Thus, the dissimilarity measure of two objects is a weighted combination of their dissimilarity for the classified D2 distributions. Because of the line classification as inside or outside the model, the method can be applied to volume models, but not to polygonal soups. However, such a distribution only characterizes the overall shape of the object and not the details. Therefore, it is not sufficient to correctly discriminate parts with particular features. Liu et al. (2004) propose another variation of a shape distribution function, the thickness histogram estimating thickness of a model from all directions. As explained in Section 5.3, a similar variation of D2 has been adopted, which considers weighted distances between triangles instead of points.
In conclusion, in the proposed approach, we intend to classify objects in categories by defining rules among shape descriptor values. To this aim, advanced shape characterization criteria are built on top of a normalized distance distribution and additional shape descriptors related to the size of the bounding box surrounding the model to be characterized. The approach is simple and easy to implement.
Considered categories of objects
To define which categories of objects have to be considered, the different treatments and possible problems that can occur when meshing a CAD model have been analyzed. In particular, three main categories of objects have been identified at first ( Figure 3 ):
• globally thin parts (Figure 3 (a) and (b));
• parts containing the so-called thin features, i.e. areas much thinner than the rest of the object (Figure 3 The first and second categories gather CAD models that can be subjected to some idealization processes and/or whose meshing may require manual time-consuming adjustment steps (e.g. local refinement, swap and removal operations). As illustrated in Figures 3(a) and (b), a thin end fitting and a thin tube have been meshed using the default size suggested by the tool thus resulting in bad quality elements (Table I) . For the tube, 58.3 percent of the produced tetrahedrons have an aspect ratio smaller than 0.5 which is not satisfactory (Bern and Plassman, 2000) . In this case, the engineer has to spend more time adjusting the parameters to improve the quality of the elements.
As illustrated with the body and gear of Figures 3(c) and (d), the second category also includes objects deserving a particular attention for the choice of the mesh size.
Here, due to the fact that there are large dispersions of the object's thicknesses, the aspect ratio of some tetrahedrons is even worse than for the first category in these areas which are clearly thinner than the rest of the object (Table I) Lastly, today, the last category gathers all the CAD models corresponding neither to globally thin parts nor to parts with thin features, despite the fact that their meshing can be problematic. Moreover, depending on the simulation model that is built at a later stage, some elements with an aspect ratio considered "bad" from the geometric point of view can be "acceptable" from the point of view of accuracy in simulation results. This happens when those badly shaped elements are located in areas where the stress is not important and consequently where the engineer will not focus. In this work we do not exploit the associated simulation-related semantics and we do focus on the shape characteristics of the parts. We plan to refine the classification in the future, thus including also such cases, by combining in the rules global feature information with simulation data.
A two-step modular approach
With the purpose of being as independent as possible from both the type of geometric representations (e.g. points cloud, polygons soup, structured meshes, B-Rep models) and adopted CAD modeler, the kernel of the proposed classification works on polygons soups exported in a stereo lithography (STL) file format. This kernel is integrated in a modular two-step approach where shape descriptors are first computed and then used to evaluate shape criteria enabling the classification (Figure 4 ). The process starts with a unique set of B-Rep models saved in a STEP file format, and ends with three sets of B-Rep models distributed according to the three previously identified categories ( Figure 3 ). In the meantime, each B-Rep models is tessellated face after face and the resulting soup of triangles is saved in a STL file. For each of the STL files, shape descriptors are computed and stored in a TXT file format. The adopted shape descriptors are further developed in Section 5. Then, classification criteria can be evaluated to distribute CAD models according to the three sets: thin parts, parts with thin features and other parts. The adopted classification criteria are presented in Section 6. STL models are not watertight meshes, i.e. they do not enclose a volume. Thus, the developed algorithm is able to compute shape descriptors on a soup of triangles (polygons). It can also easily deal with many 3D models available over the web. Since most of the models found on the internet are polyhedral models defined in a file format supporting the visual appearance, the proposed approach can be used on a wide variety of data sets.
However, this choice presents some restrictions concerning the type of shape elements on which the analysis can be performed. Most of the current CAD modelers are exploiting a design-by-feature approach for the model creation. While directly reasoning on the part constituting features seems at a first glance suitable when dealing with CAD models, it is not appropriate. First, despite the huge amount of work performed in this direction, there is not a standardized exchange format yet and ad hoc integrations have to be provided for the various considered CAD environments (Shah and Mäntylä, 1995) . More important is the impossibility to detect all the possible problematic configurations. Some features cannot be directly visible in the building tree of a CAD model but they can result of their reciprocal position or interaction. Figure 5 illustrates a configuration in which a thin feature results from a set of features but it is not clearly identified as such in the building tree.
Adopted shape descriptors
According to the characterizing configurations for the above classes, various existing shape descriptors have been analyzed and the most meaningful have been considered A two-step modular approach based on the basic descriptors extraction as well as on the evaluation of the criteria related to shape categories and adapted. On one hand, globally thin parts are characterized by having a limited thickness (i.e. small distance between opposite points over the object surface), which results in a largely predominant dimension or in being rather empty internally. On the other hand, parts with thin features are characterized by rather localized areas, which are globally small if compared to the overall object, presenting small distances between opposite points over the object surface. Therefore, the considered descriptors include the area, the volume, the dimensions, and the thicknesses of the parts and associated OBBs.
Area and volume of the model
In the proposed approach, the area and volume of the object are not considered as standalone shape descriptors since these quantities are definitely linked to the absolute size of the model. However, they can help understanding how much the object is dense or at the opposite made of empty areas if compared to the area and volume of the object bounding box. This aspect is further developed in Section 5.2. If we go back to the computation of these two basic quantities, the calculation of the model overall area is straightforward and can be obtained by summing up the area of each triangle. As far as volume is concerned, we have adopted an extension of the method used to compute the internal area of a closed planar curve. In 2D, the internal area of a closed curve can be approximated while dividing the oriented bounding curve in several segments [P i P i+1 ] ( Figure 6 ). For each oriented segment, an oriented triangle P i P i+1 O is built using the origin O of the reference frame as the third vertex. The signed area of those oriented triangles can be computed using a simple vector product (^) as follows:
The internal area of the curve is then obtained by summing up the signed areas:
In 3D, the principle is similar. Instead of computing the area of the oriented triangles, we sum up the signed volumes of the oriented tetrahedra. Each tetrahedron is defined with an oriented triangle and the origin of the reference frame as forth vertex. 
OBB
Computing the minimal OBB of an object consists in finding a rectangular parallelepiped of minimal volume enclosing a set of vertices distributed on the object surface. In our approach, those vertices are directly extracted from the STL file. To get this minimal OBB, we decided to use a famous and basic but efficient method which is the PCA. The PCA is mathematically defined as an orthogonal linear transformation that transforms the data to a new coordinate system such that the greatest variance by any projection of the data comes to lie on the first coordinate (called the first principal component), the second greatest variance on the second coordinate, and so on. In other words, the PCA method means computing the covariance matrix of the set of vertices. Then, the three axes (vectors) of inertia are obtained by computing the eigenvectors of the covariance matrix. The last element is the center of gravity, whose coordinates (X G , Y G , Z G ) are the mean of the coordinates (X, Y, Z) of the set of points. As a consequence, the three axis of inertia and the center of gravity of the model represent the coordinate system intrinsic to the object. Then, the three D BBi dimensions of the bounding box are computed as the difference between the maximum and the minimum coordinates of the object points on the three axes. These dimensions are ordered so that D BB1 ⩾D BB2 ⩾D BB3 .
As previously stated, it would not be meaningful to build classification criteria on top of shape descriptors that would use absolute basic quantities like area or volume. Hence, the computation of the minimal OBB is used as a mean to evaluate how much the object is filled or rather empty with respect to its bounding box. As a consequence, the following ratio k v is introduced as a shape descriptor used to build the classification criteria (Section 6) at a later stage:
Also, the ratios among the D BBi dimensions reveal if the object OBB is more like a thin plate or like a cuboid. Actually, plate-like shapes are characterized by having one rather small out of the three dimensions if compared to the others. Therefore, the two following ratios will also be used as shape descriptors:
adding another independent condition on the ratio D BB1 /D BB3 would lead to conflicting configurations. The condition on D BB1 /D BB3 can be derived from the conditions on k D 1 and k D 2 and for this reason it has not been considered.
Lastly, the diagonal of the OBB is used to normalize the other descriptors in order to have a relative quantification of the thickness with respect to the actual product size:
Distance distribution
One of the main descriptors used in our work is the so-called distance distribution, inspired from the work of Osada et al. (2002) on the D2 shape distribution descriptor. Osada et al. use the distance distribution to characterize the overall shape of the object and discriminate objects with different gross shapes. It is computed by measuring the distance between points sampled over the surface. In order to be independent from the model tessellation, points are selected through stochastic methods while taking into consideration the cumulative area of the triangles around them. In our work, the aim is to recognize thin areas on either subparts of the shape or on the entire shape. In this perspective, we have adapted the idea of distance computation while adding some conditions to compute the thickness of the part. More precisely, the main differences with the D2 descriptor are related to the fact that we compute distances between triangles and not vertices (Section 5.3.1), and that some additional conditions are put in place to guarantee the independency from the underlying geometric representations (Section 5.3.2). Since we are dealing with tessellated CAD models, i.e. with triangles having widely varying dimensions and shapes, the stochastic selection used by Osada et al. has not been adopted in our implementation and the computations are performed on all the triangles.
5.3.1 Distance between triangles. While the distance between two parallel triangles T i and T j is a clear and easy way to compute concept, this notion has to be clarified when considering non-parallel faces. Hence, being n i and n j the normals of T i and T j , the developed algorithm acts differently according to the cases for which it is considered meaningful to compute the distances:
If [n i .n j ⩽cos(170°)] Then T i and T j are considered as "almost" parallel; Else If [cos(170°) o n i .n j o cos(120°)] Then T i and T j are considered as "potentially" being in a teeth-like configuration; Else T i and T j are not in a meaningful configuration.
End If
As a matter of fact, the first test identifies configurations where the angle between the two faces is smaller than 10°. This threshold has been adjusted heuristically to prevent badly identified configurations notably on noisy data. Combined with other tests, the second thresholds have been tuned to clearly identify teeth-like configurations. This may happen when the angle between the two faces is in between 10°and 60°. In the future, one could also imagine that these thresholds are adapted according to the nature of the original geometric models (e.g. B-Rep model, scanned data) and accuracy of tessellation.
Therefore, two main configurations have to be distinguished:
• When two triangles are identified as "almost" parallel, we have to check if they are facing each other and if their normal vectors do not point toward one another. These additional verifications help avoiding irrelevant distance computations. If these verifications were to fail, i.e. if the triangles are not facing each other and/ or if the normal vectors point toward one another, it means that the triangles enclose a non-meaningful volume. The devised method performs both verifications simultaneously in a single test. It consists in projecting the three vertices V i1 , V i2 , V i3 and the center of gravity G i of the first triangle T i into the other one T j . If the projection G i lies inside T j , like in Figure 7(a) , we consider that the distance computation is meaningful for the thickness distribution. Moreover, by using the opposite of the normal vector for projecting G i in T j , the algorithm allows the differentiation between parallel faces enclosing the object material or the void. Indeed, we do not care of the distance between parallel faces not enclosing the object material. Being P i the projection of G i in T j (Figure 7(a) ), this additional test distinguishes two configurations:
Then T i and T j enclose a non-empty space; Else T i and T j enclose an empty space and are not considered for the distance computation anymore.
In case point P i is projected outside T j , the algorithm checks if at least the projection of one of the three vertices of T i is inside T j (Figure 7(b) ). There is a case which is not taken into account, that-is-to say when two faces are facing but all the projections (center of gravity and other points) are not lying in the other face. This is not a critical issue because we assume that if a triangle T i is in this case with a triangle T j , then T i (or T j ) is almost parallel to a triangle adjacent to T j (resp. T i ).As our last step, if all the tests are validated, the distance between T i and T j is evaluated as follows:
The area of the two triangles is also stored so that the distance distribution can be normalized and decoupled from the underlying tessellation:
• When two faces are considered as "potentially" being in a teeth-like configuration, the distance between the two triangles is considered to be the smallest between the three points of each faces:
The area of the two triangles is also stored with the same equation as (7).
Finally, the overall algorithm, made of two imbricated loops, reviews each triangle T i and carries out the above tests with the other triangles T j . When one of the two configurations is identified, the corresponding distance and area are inserted in a distance and configuration list.
Parallel faces identification with projection of the gravity center of the triangle (a); and projection of the face vertices (b) 5.3.2 Normalization of the distribution. To get the final distance distribution normalized and tessellation-invariant, we have to weight the distribution of the d ij distances using ratios which characterize the contribution of the A ij areas with respect to the overall object area. In this way it is possible to know which percentage of the object is characterized by the same thickness. As a last step, to make the distances meaningful if compared with the dimensions of the whole object, and thus make comparable objects of very different dimensions, we have to normalize the d ij values by dividing them by the diagonal diag BB of the minimal bounding box (Equation (5)).
In the end, we obtain a normalized distance distribution used as a shape descriptor that is then combined with the previously introduced descriptors to define classification criteria (Section 6). Figure 8 shows two examples of parts with the associated thickness distribution function and the filling percentage of their respective OBB obtained by the ratio between the volumes of the object and of its bounding box (Equation (3)). For the U-like plate with the two holes (Figure 8(a) ), the ratio between the volumes of the model and associated OBB is equal to 0.15 which means that 15 percent of the OBB is filled in.
The thickness distribution reveals one main thickness inside the model, since 92 percent of the total model area is associated with thickness between 0 and 5 percent of the bounding box diagonal diag BB . The x-axis indicates the value of the normalized thickness while the y-axis represents the associated area percentage. For the end fitting example (Figure 8(b) ), the distance distribution does not reveal a clear main distance. According to the adopted criteria described in Section 6, the first example will be classified as a thin part whereas the second part will be classified as a part with thin features.
Part classification
This section addresses the way in which the afore-mentioned descriptors can be combined to define criteria used to categorize the objects according to the classification introduced in Section 3. These criteria use some thresholds which have been empirically tuned (Section 6.3).
In addition to the notations introduced in Section 5, we must define the following function used to synthetize and analyze the distance distribution:
i.e. function of the distance distribution so that z represents the percent of the total area of the model associated to distances between x and y percent of the diagonal of the bounding box.
For example, "F [0; 0.25] ¼ 0.88" means that "88 percent of the total surface is associated to a thickness between 0 and 25 percent of the diagonal of the bounding box."
Thin parts
The thin part class includes different types of CAD models, such as those similar to thin plates, or having an arbitrary shape with almost constant thickness distribution, or presenting a large emptiness of the bounding box (Figure 9 ). Different criteria are used to distinguish the typology of thin parts, as described in the following of this section. It is clear how some thin parts can satisfy more than one criterion simultaneously.
(a)
(b) (c) Figure 9 .
Examples of thin objects
The first criterion (crit.1 in Table II) identifies plates, based on the fact that plate-like objects have one smaller dimension of the OBB out of three, with one part filling at least the half of its bounding box. This criterion allows the identification of thin parts (Figure 9(a) ). The second criterion (crit.2 in Table II ) aims at identifying thin parts having simultaneously two similar OBB dimensions while the third dimension is rather small; they also have a rather important filling of the OBB. Therefore, part in Figures 9(a) is kept by this criterion in the thin part class.
The third criterion (crit.3 in Table II ) considers objects having a general overall shape with no predominant dimension of the OBB. This kind of objects is characterized by the fact that the volume occupied by the part in the enclosing OBB is just a small part (ratio V M /V BB o 20 percent). The aim is to include parts which are really extended in their bounding box, but with no volume, as the parts in Figures 9(b) and 10(a) . Indeed, the difference between the object in Figure 10 (a) and the one in Figure 10(b) is that the first has a rather small volume compared to the volume of its OBB and has a quite constant thickness, while the second has some thin features which have been BB filling BB size rate Distance distribution Table II . List of the criteria and thresholds adopted for the thin parts class (a) (b) Figure 10 . Examples of a thin part (a); and of a part with thin features (red) having a similar overall shape (b) highlighted in red. With this criterion, we can exclude the second part ( Figure 10(b) ) from the thin part class. Finally, the fourth criterion (crit.4 in Table II ) considers the distribution descriptor and identifies thin parts whose volume is filling more than 20 percent of its bounding box volume. Here, the adopted formula is F[0;0.25] W 0.6 which allows us to classify objects like the one depicted in Figure 9(c) . It identifies a model that has a little filling of its bounding box but more than 60 percent of the total surface is associated to thickness under 25 percent of the diagonal of the bounding box.
Thin parts are not necessarily difficult to mesh, but most of the time, a designer will have to be careful with these parts.
Parts with thin features
This class includes all parts containing one or more features which may deserve some manual checks before they are meshed. Indeed, if the automatically proposed meshing size is too large, these features might be badly meshed, giving rise to incorrect simulations.
Parts having thin features are characterized by areas having a rather small thickness if compared to the overall object thickness. Therefore, they are recognized by mainly analyzing the distance distribution. Actually, when the part is not thin in its entirety, the distance distribution detects a local thickness with respect to the rest of the part. Table III summarizes the defined criteria and thresholds used to detect parts with thin features. The fifth and sixth criteria combine conditions on the volume with conditions on the thickness values. The condition on the volume allows avoiding totally thin parts. The examples of objects classified according to crit.5 and crit.6 of Table III are, respectively, given in Figures 11(a) and (b) .
Finally, crit.7 is used to detect parts with thin features defined by non-parallel (// ) faces, as for gearwheel teeth (Figure 3(d) ), or corresponding to thin elements bounded by non-planar faces, e.g. cylindrical. Here, there is just a value of all-or-nothing and no distribution is compared. So, when faces with an angle between 10°and 60°(Section 5.3.1) have a distance between them under 5 percent of the bounding box diagonal, the part is considered as a part with thin features.
Adopted thresholds
The thresholds adopted in the proposed criteria have been tuned empirically after several evaluations on multiple test cases. Actually, being the key parameters identified, several verifications have been carried out to tune the thresholds with respect to the aspect ratio of the elements resulting from a meshing with a default size parameter. Thus, it results that the meshing of the parts categorized as either thin part or as part with thin features generates elements with an aspect ratio ( Table III .
List of the criteria and thresholds adopted for the parts with thin features Plassman, 2000) smaller than 0.5. As previously stated, this means that the user will have to spend more time adjusting the mesh (Section 1).
In the future, we intend to use machine learning techniques to adjust the values of those thresholds using a wider set of test cases. This is further discussed in the conclusions.
Developed prototype and results
The object classification algorithm has been implemented as a VBA macro within CATIA V5. As introduced in Section 4 (Figure 4) , the macro reads a STEP file, exports the corresponding tessellation model in a STL file and calls Worlfram Mathematica (Worlfram Research) to compute the proposed shape descriptors. Then, the macro associates to the part a so-called "info file" in which the values of the shape descriptors are stored together with the identified class. These are the data obtained: In this version, the info file has not yet been integrated in a PDM system and is stored in the directory where the CAD model is placed. The storage of this information allows a fast reclassification of the parts in case different thresholds are to be considered because they are more suitable for the type of meshing or simulations that need to be carried out. As a matter of fact, even if the chosen threshold values have been demonstrated to give quite good results on the set of considered parts, it is clear that these thresholds might change according to the type of system used for meshing. Therefore, some machine learning techniques would be very useful to adjust the (a) (b) Figure 11 . Examples of parts with thin features thresholds to the specific engineering environments. Figure 12 shows the sequence of communication between CATIA V5 and Mathematica according to the framework introduced in Section 4.
The provided macro is automatically activated or on user demand, on either a single model or on a set of models. We actually foresee the possibility of automatically categorizing a part when it is designed, while storing the computed info file as an accompanying document of each model. The computed category information can then be used to make the simulation expert immediately aware of potential problems with the part and for supporting him to retrieve similar situations.
The proposed classification approach has been validated on numerous examples. Due to space limits, only seven parts for each category have been depicted in Figure 13 and the values of the shape descriptors have been gathered together in Table IV . The three samples of the distance distribution F[0;0.05], F[0;0.25] and F[0.3;0.7] help understanding the evolution of the underlying distance distribution that is not displayed. The proposed approach works well. The thin parts as well as the parts with thin features have been identified properly. For those parts, the meshing with a default size parameter generates mesh elements with a bad aspect ratio. It means that for those parts, the engineers will have to spend more time during the meshing phase. This can be said also for the parts for which thin features are adjacent to thicker areas. When a part does not satisfy any of the seven criteria, it is classed in the category called "other parts." Lastly, for a given class, one can notice that a part can satisfy several criteria.
Conclusions and future work
Anticipating possible problems occurring at different stages of the development process is quite important from the perspectives of both cost saving and finding the achieved solution. The work presented in this paper is a first step toward the definition of a complete toolbox for the classification of parts which are potentially complex to mesh or not, i.e. parts that may generate elements with a bad aspect ratio penalizing the simulation at a later stage. In this perspective, parts are classified depending on their shapes and global features. In this way, designers can anticipate the time they will have to spend on the meshing phases. The classification is based on a set of criteria exploiting several shape descriptors that have been normalized to get rid of the scale of the objects. A specific distance distribution is notably computed to show how the thickness evolves over the entire model.
The kernel of the classification algorithm works on STL files, thus it is made system independent and it can be easily integrated on any CAD systems. In addition, the use of the info file storing all the key shape descriptors and thresholds may allow a quicker and more different categorization of the parts according to the user/system needs, being the most time-consuming activity related to the shape descriptor evaluation. To be fully usable inside companies, the method should be extended to cover the classification of assemblies and accommodate the evaluated descriptors values in a PDM repository. As a matter of fact, in the actual version, assemblies can be either analyzed singularly or they can be analyzed while merging all of them in a new part that is then classified. In the future, we are planning to create a process to automatically perform the required operations to classify existing repositories including both single parts and assemblies.
Current works include the optimization of the algorithm to improve the computation times. As previously stated, we plan to improve the classification and criteria by coupling the shape characteristics and simulation semantics, e.g. loads and blocked displacements. We are also working on new functionalities to assist designers in modifying the various parts categorized as "difficult to mesh" so that they can be meshed. Once again, the idea is to find the right criteria and associated thresholds to adapt the CAD models using, for example, a set of defeaturing operations. Lastly, we foresee the use of machine learning techniques for identifying both the best thresholds and combination of descriptor/simulation data. Table IV . Some figures relative to the shape descriptors and evaluated criteria for the objects in Figure 13 
